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Abstract 
In economics, insurance and finance, value at risk (VaR) is a widely used measure of the risk of
loss on a specific portfolio of financial assets. For a given portfolio, time horizon, and probability
α, the 100α% VaR is defined as a threshold loss value, such that the probability that the loss on the
portfolio over the given time horizon exceeds this value is α. That is to say, it is a quantile of the
distribution of the losses, which has both good analytic properties and easy interpretation as a risk
measure. However, its extension to the multivariate framework is not unique because a unique
definition  of  multivariate  quantile  does  not  exist.  In  the  curent  literature,  the  multivariate
quantiles are related to a specific partial order considered in Rn, or to a property of the univariate
quantile that is desirable to be extended to Rn. In this work, we introduce a multivariate value at
risk  as  a  vector-valued  directional  risk  measure,  based  on  a  directional  multivariate  quantile,
which has recently been introduced in the literature. The directional approach alows the manager
to consider external information or risk preferences in her/his analysis. We have derived some
properties of the risk measure and we have compared the univariate VaR over the marginals with
the  components  of  the  directional  multivariate  VaR.  We  have  also  analyzed  the  relationship
between  some  families  of  copulas,  for  which  it  is  possible  to  obtain  closed  forms  of  the
multivariate VaR that we propose. Finaly, comparisons with other alternative multivariate VaR
given in the literature, are provided in terms of robustness.
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Abstract
Ineconomics,insuranceandfinance,valueatrisk(VaR)isawidelyused
measureoftheriskoflossonaspecificportfoliooffinancialassets.Fora
givenportfolio,timehorizon,andprobabilityα,the100α%VaRisdefined
asathresholdlossvalue,suchthattheprobabilitythatthelossontheport-
foliooverthegiventimehorizonexceedsthisvalueisα.Thatistosay,it
isaquantileofthedistributionofthelosses,whichhasbothgoodanalytic
propertiesandeasyinterpretationasariskmeasure.However,itsextension
tothemultivariateframeworkisnotuniquebecauseauniquedefinitionof
multivariatequantiledoesnotexist.Inthecurentliterature,themultivari-
atequantilesarerelatedtoaspecificpartialorderconsideredinRn,ortoa
propertyoftheunivariatequantilethatisdesirabletobeextendedtoRn.In
thiswork,weintroduceamultivariatevalueatriskasavector-valueddirec-
tionalriskmeasure,basedonadirectionalmultivariatequantile,whichhas
recentlybeenintroducedintheliterature.Thedirectionalapproachalows
themanagertoconsiderexternalinformationorriskpreferencesinher/his
analysis.Wehavederivedsomepropertiesoftheriskmeasureandwehave
comparedtheunivariateVaRoverthemarginalswiththecomponentsofthe
directionalmultivariateVaR.Wehavealsoanalyzedtherelationshipbetween
somefamiliesofcopulas,forwhichitispossibletoobtainclosedformsof
themultivariateVaRthatwepropose.Finaly,comparisonswithotheral-
ternativemultivariateVaRgivenintheliterature,areprovidedintermsof
robustness.
1 Introduction
Valueatrisk(VaR)hasbecomeabenchmarkforriskmanagementwhichisdefined
asthethresholdquantitythatdoesnotexceedacertainprobabilitylevelwhichis
consideredtobedangerous.Itiscommonlyimplementedbyinvestmentbanksto
measurethemarketriskoftheirassetportfolios.Although(VaR)hasbeenbroadly
criticizedfromtheworkof[Artzneretal.(1999)]sinceitdoesnotverifythedi-
versificationproperty,ithasalsobeendefendedby[Heydeetal.(2009)]forits
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robustness. For univariate risks, theVaRis simply theα−quantile of the loss dis-
tribution function. Thus, theVaRis a risk measure easily interpretable, and it stil
remains the most popular measure used by risk managers. Unfortunately, a unique
definition of multivariateVaRis more complicated because there are diferent pos-
sible definitions of multidimensional quantiles that try to generalize some desir-
able properties of the univariate quantile. For instance, the proposals given by
[Koltchinski (1997)] of multivariate quantiles as inversions of mappings, multi-
variate quantiles in terms based on norm minimization as in [Chaudhuri (1996)],
multivariate quantiles as level-sets given by [Fernández-Ponce and Suárez-Llorens
(2002)], multivariate quantiles based on depth functions developed in [Serfling
(2002)], and finaly, multivariate quantiles based on projections as in [Fraiman and
Pateiro-López (2012)], [Halin et al. (2010)], [Kong and Mizera (2012)].
Curently business and financial activities generate data for which it has been
shown that it is insufficient to consider single real-value measures over marginal
aspects, in order to quantify risks jointly associated to the data. For instance, one
of the drawbacks detected in the global banking regulatoryBasel I is the sol-
vency and liabilities dependence among the financial institution branches, or even
the domino efect in the markets that could be generated by dependence among
filial products. Thus, the solvability of each individual branch may strongly be af-
fected, not only by its activities, but also by the level of dependence among al the
branches. In consequence, it is necessary to quantify the risk, considering both the
multivariate nature of the data and the dependence among the marginal risks.
InBasel II, a new liquidity regulation was proposed in order to avoid the weakness
detected in the 2007-2009 crisis; but these regulations have to be complemented
by internal models in the institutions, in order to obtain beter hedge results. These
models have to include multivariate risk measures computable in high dimensions
and also, to consider possible internal and external risks, even if the nature of those
risks is strongly heterogeneous.
In recent decades, literature devoted to extend theVaRmeasure to the multivari-
ate seting has been published. For instance, bivariate versions have been studied
in [Arbia (2002)], [Tibileti (2001)], [Nappo and Spizzichino (2009)]. Also, for
multivariate distributions in general, some notions ofVaRhave been introduced
(e.g. [Lee and Prékopa (2012),Embrechts and Pucceti (2006),Cousin and Di
Bernardino (2013)]).[Embrechts and Pucceti (2006)] linked the risk measure to
the level surface defined when the distribution function of riskXor the survival
function accumulate someα-value, which is considered as a quantile surface. Re-
cently, [Cousin and Di Bernardino (2013)] introduced a new notion of multivariate
VaRbased on those level surfaces studied in [Embrechts and Pucceti (2006)]. They
commented that considering the whole surface as a risk measure could induce in-
terpretation problems. Therefore, they defined the multivariateVaRas the mean of
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the points belonging to the surface considered in [Embrechts and Pucceti (2006)]
and hence, the output is a point with the same dimension as the random vector of
losses. Specificaly, they define theupper–orthant Value–at–Risk(lower–orthant
Value–at–Risk) atα–level ((1−α)–level) as the conditional expectation ofX, given
thatXstands in theα-set of its distribution (survival) function.
In this paper, we introduce adirectional multivariate Value at Risk, based on the
extremality level sets introduced in [Laniado et al. (2012)], which permit the con-
cept of directional multivariate quantile to be defined. The extremality level sets
are surfaces defined by folowing the same idea as in [Embrechts and Pucceti
(2006)] but linked to rotations of the multivariate distribution; that is, a directional
approach is considered. We share with [Cousin and Di Bernardino (2013)] the idea
that a multivariateVaRseen as a surface could bring problems in relation to its
interpretation. Hence, we highlight the idea of considering the multivariateVaRas
a vector-valued point that defines the vertex of an oriented orthant in the direction
of analysis. The vertex is obtained using the mean ofXto fix a reference system.
The risk measure that we propose considers the high dimension nature of the real
problems, and the dependence among the risks is implied in the analysis. Finaly,
we give the possibility of considering manager preferences, introducing a parame-
ter of directionu. For instance, directions like the maximum variability given for
the principal components in the portfolio, or the assets weight composition could
be more interesting to analyze than the classic directions given for the information
summarized in the survival or cumulative distribution functions. Besides, the direc-
tional approach alows us to give bounds for theVaRrelated to linear combination
of random variables, mainly when they are statisticaly dependent.
We have proved properties of the directionalVaRthat we consider as relevant for a
multivariate risk measure, such as consistency with respect to a particular stochas-
tic order and tail subadditivity in the mean loss direction, as wel as some invariance
properties. We have compared the components of the directional multivariateVaR
with the univariateVaRon the marginals, in order to show that the vector given by
theVaRon the marginals provides incomplete information about the joint risk.
We have also obtained closed expressions of theVaRwhen bivariate copulas are
considered or when a multivariate Archimedean’s copulas governed the depen-
dence among the components of the portfolio. Finaly, we wil present comparisons
in terms of robustness with the alternative vector-valued multivariateVaR, intro-
duced by [Cousin and Di Bernardino (2013)].
The paper is structured as folows. In Section 2, we introduce some preliminary
concepts and notation necessary in order to understand the main contributions of
the paper. In Section 3, thedirectional multivariate Value at Risk(V aRuα(X))isintroduced and we provide analytic properties, which can be viewed as extensions
of those given in [Artzner et al. (1999)], to the multivariate seting. Section 4
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containsthecomparisonsbetweentheunivariateVaRoverthemarginalsandthe
componentsofthedirectionalmultivariateVaR.Section5isdevotedtotheoretical
resultsandclosedformsofthemultivariateVaRwhenparticularfamiliesofcopulas
areconsidered.InSection6,wedeveloptherobustnessanalysis.Finaly,some
conclusionsareoutlinedaswelassomepossibledirectionsforfuturework.
2 Preliminaries
ThemainobjectiveofthispaperistointroduceadirectionalmultivariateValueat
Risk,basedonthenotionofdirectionalmultivariatequantilegivenin[Laniadoet
al.(2010)].Inordertomakethepaperselfcontained,wehavedevotedthissection
torevisethemainconceptsthatarenecessarytoproperlydefinetheriskmeasure
introducedinthispaper.
Definition2.1.AnorientedorthantinRnwithvertexxinthedirectionuisdefined
as,
Cux={z∈Rn:Ru(z−x)≥0}, (2.1)
whereu∈B¯n(0)={v∈Rn:|v|=1}andRuistheorthogonalmatrixsuch
thatRuu=e,withe=
√n
n[1,..,1]?.
Basedontheorientedorthantconcept,wecandefineapartialdataorder(denoted
by?u)inRnas,
x?uy, ifandonlyif, Cux⊇Cuy, (2.2)
wherex,y∈Rn.Orequivalently,
x?uy, ifandonlyif,Rux≤Ruy,
wheretheorderontherightsideiscomponent-wise.
ThroughoutthepaperwewilusethefolowingnotationrelatedtosubsetsinRn.
Givenb∈Rn,c∈R,andA⊂Rn,thesetsb+AandcAaredefinedas,
b+A:={b+a:a∈A}, cA:={ca:a∈A}. (2.3)
Werecalsomeresultsonorientedorthantsthatwilbeusefulinthemainsections
ofthepaper.
Lemma2.2.Givenadirectionuandavertexx,then
Cux=−C−u−x. (2.4)
4
TheproofisgivenintheAppendix.
Lemma2.3.Givenc>0andb∈Rn,then
Cucx+b=cCux+b. (2.5)
Proof.Theproofisstraightforwardusingthedefinitionsgivenin(2.3). ?
Wealsorecalsomedefinitionsofusefulstochasticorders;see[ShakedandShan-
thikumar(2007)],formoredetails.
Definition2.4.GiventworandomvectorsXandY,Xissaidtobesmalerthan
Yin:
(i)usualstochasticorder(denotedbyX≤stY)ifE[φ(X)]≤E[φ(Y)],forany
increasingfunctionφ(·)withfiniteexpectations.
(i)upperorthantorder(denotedbyX≤uoY)if¯FX(x1,..,xn)≤F¯Y(x1,..,xn),
foralx,whereF¯X,¯FYdenotethesurvivalfunctionofXandY,respectively.
(ii)lowerorthantorder(denotedbyX≤loY)ifFX(x1,..,xn)≥FY(x1,..,xn),
foralx,whereFX,FYdenotethedistributionfunctionofXandY,respectively.
Itiseasytoverifythatbothorders,theupperorthantandthelowerorthant,are
impliedbytheusualstochasticorder.Thefolowingstochasticorderdefinedin
[Laniadoetal.(2012)]wilbeakeytoolinprovidingsomepropertiesofthe
multivariateVaRthatwewildefineinthenextSection.
Definition2.5.LetXandYbetworandomvectorsinRn,Xissaidsmalerthan
Yintheextremalityorderinthedirectionu(denotedbyX≤EuY)if,
P[Ru(X−z)≥0]≤P[Ru(Y−z)≥0], foral zinRn.
ItiseasytoshowthatX≤EuY⇔RuX≤uoRuY.Moreover,ifX≤EuYthenE[X]?uE[Y],asitisprovenin[Laniadoetal.(2012)],Property3.4].Sincethe
multivariateVaRisbasedonthedefinitionofaquantile,wealsoneedtointroduce
thedirectionalmultivariatequantilegivenin[Laniadoetal.(2010)].
Definition2.6.LetXbearandomvectorwithassociatedprobabilitydistribution
functionP.Thenthedirectionalmultivariatequantileatlevelα,indirectionuis
definedas
QX(α,u):=∂{x∈Rn:P(Cux)≤α}, (2.6)
with0≤α≤1.
Fromnowon,wewilfocusonanabsolutely-continuousrandomvectorX(with
respecttotheLebesguemeasureνonRn)withincreasingmarginaldistribution
functionsandsuchthatE[Xi]<∞,fori=1,..,n.Theseconditionswilbe
caledregularityconditions.
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3 DirectionalMultivariateValueatRisk
Intheunivariateseting,therelationshipbetweenthequantilesrelatedtotheloss
distributionandtheVaRisobvious.InthisSection,weproposeadefinitionof
multivariateVaRforaportfolioofn-dependentrisks,linkedwiththedirectional
multivariatequantiledefinedin(2.6).Besides,theoutputisapointinRn;that
is,avectorofthesamedimensionastheconsideredportfolioofrisks.Specifi-
caly,asintheunivariatecase,thispointdefinesthevertexofanorientedorthant
thataccumulatesaprobabilityα,butinthedirectionthattheinvestorortherisk
managementconsidersmoreconvenient.
Definition3.1.LetXbearandomvectorsatisfyingtheregularityconditionsand
0≤α≤1.ThenthedirectionalmultivariateValueatRiskofXindirectionuat
probabilitylevelαisgivenby
VaRuα(X)=
?
QX(α,u)
?{λu+E[X]}
?
, (3.1)
whereλ∈R.
Wemusthighlightthatgivenadirectionu,theVaRuα(X)istheintersectionbe-tweenthedirectionalquantileatlevelα,andthelinedefinedbyboththedirection
uandthemeanofX.Wewanttopointoutthatthecentralitytoolchosen,the
mean,wilrepresentacentralreferencepointfortherandomvectorspace,i.e.,for
thesupportoftheassociatedprobabilitydistribution.Aswewildemostrate,the
choiceofthemeaninthedefinitionof(3.1)alowsustoderivedesirableandin-
terpretableanalyticpropertiesrelatedtotheriskmeasure.However,otheroptions
ascentralreferencepointarepossible;forexamplethemedianseenasthedeepest
pointassociatedwithamultivariatedepthmeasure,whichmayprovideamorero-
bustriskmeasure(e.g.[ZuoandSerfling(2000),Cascosetal.(2011)]).
Toilustratethisconcept,youcanseeinFigure1someexamplesoftheriskmea-
suredefinedin(3.1),forthreediferentbivariatedistributionsinthedirection−e
withα=0.7.Thisdirectionmakesreferencetotheanalysisofthedistribution
functionofX.Figure2presentsexampleswiththesamebivariatedistributions,
butinthedirectioneandforα=0.3;thatis,takingintoaccounttheinformation
givenbythesurvivalfunctionofX.Wecalthesetwodirectionsclassicaldirec-
tions,buttheaimofthisworkistoshowthatitcouldbeinterestingtoconsider
otherdirectionsintheanalysisofrisk.
Observethatinthefigures,thelineindirectionucrossingthemeaningreenis
displayedwhilethequantilecurveisdisplayedinred.TheVaRthatwepropose
isjusttheintersectionbetweenthelineandthequantilecurve.Ontheotherhand,
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thepointsinbluearethepoints"below"thelevelofriskαinthecoresponding
direction;meanwhiletheblackpointsarethose"exceeding"thelevelrisk.Observe
Figure1,ifyoutakeanypointontheblueregionasavertexofanorientedorthant
indirection−e,thentheprobabilityofthatorthantwilbegreaterthanα.Itwilbe
equaltoαorsmalerthanαifthepointistakenfromtheredlineorblackregion,
respectively.ThesameconclusioncanbedrawnfromFigure2butindirectione.
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Figure1:VaR−e0.7(X)
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Figure2:VaRe0.3(X)
ItisdesirablethattheclassicalunivariateVaRagreeswithourdefinitionofVaRin
thecasen=1;thisfactwilbeseeninthefolowing;rememberthattheunivariate
VaRisdefinedas,
VaR1−α(X)=inf{x∈R:P[X≥x]≤α}, (3.2)
where1−αisusualyconsideredclosedto1.Moreover,theVaRmayalsobe
definedintermsofthedistributionfunctionas,
VaR1−α(X)=inf{x∈R:P[X≤x]≥1−α}. (3.3)
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AsP[X≤x]=1−P[X≥x]intheunivariatesetingunderregularityconditions,
then(3.2)and(3.3)arethesame.TobeconsistentwiththeunivariateVaR,our
definitionofmultivaritateVaRagreeswiththeclassicaldefinitionforn=1.That
is,wehavethatintermsofVaRuα(X),
VaR1α(X)=VaR1−α(X)=VaR−11−α(X),
whereVaR1α(X)isrelatedtodefinition(3.2)andVaR−11−α(X)isrelatedtodef-inition(3.3).However,thisfactdoesnotholdinthemultivariatecontextwhere
F(x)+F¯(x)=1isnottrueingeneral,being
F(x)=P[C−ex ]=P[X≤x], (3.4)
F¯(x)=P[Cex]=P[X≥x]. (3.5)
TheremainderofthissectionisdevotedtoprovidingsomepropertiesofVaRuα(X)whicharesimilartothosepropertiesconsideredintheriskliterature;(see[Artzner
etal.(1999),BurgertandRuschendorf(2006),CardinandPagani(2010),Rachev
etal.(2008),CascosandMolchanov(2007),CascosandMolchanov(2013)]).
Specificaly,weprovidepropertiesofthemultivariateVaRuα(X)intermsofthe[Artzneretal.(1999)]’spropertiesrelatedtocoherentriskmeasuresintheunivari-
ateseting.Besides,wehaveexploredotherpropertiesinherenttothemultivariate
responsesuchasinvarianceunderorthogonaltransformations.Altheprooffor
thefolowingresultsisgivenintheAppendix.
Property3.2(Non-NegativeLoading).Ifλ>0in(3.1),then
E[X]?uVaRuα(X). (3.6)
Thispropertyreflectsthattheriskmeasureisaboundofthemeanvalueofthe
losses,withrespecttothepartialordergivenin2.2.Notethatthehypothesisλ>0
isnecessary,especialywhenαischosentobecloseto0.
Property3.3(Quasi-OddMeasure).VaRuα(·)holdstheproperty:
VaRuα(−X)=−VaR−uα (X). (3.7)
Thispropertyshowssymmetrywithrespecttotherandomlossesdistribution.
Property3.4(PositiveHomogeneityandTranslationInvariance).Letc∈R+,
b∈RnandY=cX+b,then,
VaRuα(Y)=cVaRuα(X)+b. (3.8)
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Property3.5(Consistencyw.r.t.extremalitystochasticorder).LetXandYbe
randomvectorssatisfyingtheregularityconditions.IfE[Y]=cu+E[X]with
c>0,andX≤EuY,then:
VaRuα(X)?uVaRuα(Y). (3.9)
Property3.6(OrthogonalQuasi-Invariance).LetQbeanorthogonaltransforma-
tion.Then,
VaRQuα (QX)=QVaRuα(X). (3.10)
Property3.7(Non-ExcessiveLoading).LetRubetheorthogonalmatrixde-
scribedin(2.1).Then,
VaRuα(X)?uR?usupω∈Ω{RuX(ω)}. (3.11)
ThispropertyshowsthatVaRuα(X)isupperboundedbythesupremeofthelossesinthedirectionconsidered.Anothergoodpropertywhichisdesirableinthelit-
eratureforriskmeasuresisthesubadditivity.Asiswel-known,theclassicaluni-
variateVaRisnotasubadditivitymeasure.However,thereareconditionsthat
ensurethetailregionsubadditivityproperty(see[Artzneretal.(1999),Heydeet
al.(2009),Daníelsonetal.(2013)]).Inthesameway,wehighlightedthatthe
VaRuα(X)isnotsubadditiveingeneral,butwewilprovethatthispropertyholdsundersomeconditions.Apreviousdefinitionisnecessary.
Definition3.8.ArandomvectorXhasregularityvarying,withtailindexβifthere
isafunctionφ(t)>0thatisregularlyvaryingatinfinitywithexponent1βandanon-zeromeasureµ(·)ontheBorelσ−fieldB([0,∞]n\{0})suchthat,
tP[(φ(t))−1X∈·]v→µ(·), (3.12)
whent→∞(see[JessenandMikosh(2006),Resnick(1987)]).
Inthiscase,themeasurehastheproperty
µ(cB)=c−βµ(B), (3.13)
foranyc>0andBaBorelset.
Withthisdefinition,wecanstatethetailregionsubadditivitypropertyoftheVaRuα(·).
Property3.9(TailRegionSubadditivity).LetXandYberandomvectors,with
thesamemeanm.If(X,Y)isaregularlyvaryingrandomvectorwithindex
β>1andnon-degeneratetailsthen,theVaRuα(·)issubadditiveinthetailregionindirectionu= m|m|,i.e.,
VaRuα(X+Y)?uVaRuα(X)+VaRuα(Y). (3.14)
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NotethattheProperty3.9couldbeextendedtorandomvectorswithmeanssatis-
fyingE[X]=cE[Y]forc>0.Asyoucansee,thepropertyensuresthatatleast
inthedirectionofthemeanloss,itisusefultomergetworiskyactivitiesinorder
todiversifytherisk.
4 ComparisonoftheunivariateVaRcomponentwiseand
theDirectionalMultivariateVaR
TheaimofthissectionistocomparethecomponentsofVaRuα(X)withtheuni-variateVaRrelatedtoeachmarginaldistributionofX.Butpriortothisweneedto
rememberthedefinitionofamultivariatequasi-concavefunction.
Definition4.1.Amultivariatefunctiong:Rn→Risaquasi-concavefunctionif
theupper-levelsetUq:={x∈Rn:g(x)≥q}isaconvexsetforalq∈R.Or
equivalently,thecomplementaryofthelowersetLq:={x∈Rn:g(x)≤q}isa
convexsetforalq∈R.
Wewanttopointoutthatboththedistributionandsurvivalfunctions,ingeneral,
satisfyDefinition4.1.Thisfactwasprovedin[Tibileti(1995)],andtherefore
itisnotarestrictiveconditionforthefunctionsconsideredinthispaper.Letus
denotebyXithei-thmarginaloftherandomvectorXandby[·]ithei-thcompo-
nentrelatedtoapointinRn.Thefolowingresultprovidescomparisonsbetween
thecomponentsofthemultivariateVaRintroducedinthisworkandtheclassical
univariateVaR.
Proposition4.2.ConsiderarandomvectorXsatisfyingtheregularityconditions.
AssumethatitssurvivalfunctionF¯isquasi-concave.Then,foralα∈(0,1):
VaR1−α(Xi)≥[VaReα(X)]i, foral i=1,..,n.
Moreover,ifitsmultivariatedistributionfunctionFisquasi-concave,then,foral
α∈(0,1),wehavethat
?VaR−e1−α(X)
?
i≥VaR1−α(Xi), foral i=1,..,n.
TheproofisgivenintheAppendix.Asyoucansee,theprecedingresultcanbe
extendedconsideringotherdirectionsasfolows.
Corolary4.3.LetXbearandomvariablesatisfyingtheregularityconditions
andfixadirectionu.IfthesurvivalfunctionofRuXisaquasi-concavefunction,
then,foral0≤α≤1,
VaR1−α([RuX]i)≥[RuVaRuα(X)]i, foral i=1,..,n.
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Besides, ifRuXhas a quasi-concavity cumulative distribution, then
?RuV aR−u1−α(X)
?
i≥V aR1−α([RuX]i), for al i= 1, .., n,
whereRuis the orthogonal transformation defined in (2.1).
The proof is straightforward from Proposition3.6and Proposition4.2. Therefore,
by linking the previous results we have the folowing inequality for al pairs(u, α),
(−u,1−α).
V aRuα(X)?uV aR−u1−α(X). (4.1)
This relationship alows us to define adirectional upper VaRand adirectional
lower VaRin a similar way to [Embrechts and Pucceti (2006)] and [Cousin and Di
Bernardino (2013)], but with a unified notation. Specificaly, we have introduced
the folowing definitions:
Theupper VaR in directionuis,
V aRuα(X) =V aRuα(X), (4.2)
Thelower VaR in a directionuis,
V aRuα(X) =V aR−u1−α(X). (4.3)
An example of these concepts is displayed in Figure3, where we can see in a
bivariate normal distribution, theupper VaR in directionu= (1√5,2√5)for a levelof riskα= 0.3, and the corespondinglower VaR in direction−uand level
risk1−α. Note that we can describe in the plot types of asymptotes for the
quantile curves, furthermore these asymptotes wil be the univariate quantiles for
each marginal of the rotated random vectorRuXat the sameα, where the rotation
matrixRuis the same as in (2.1). These asymptotes can be seen as a generalization
of those defined in [Belzunce et al. (2007)] for the quantile curves in the classical
directions.
Another practical situation where the link between the multivariateVaRand the
univariateVaRis interesting (see e.g. [Embrechts and Pucceti (2006),Wang et
al. (2013),Bernard et al. (2014)]), is when it is necessary to give bounds of the
univariateVaRover a linear transformation of the marginal losses; for instance,
when the transformation by the portfolio weights vector is considered, i.e., when
the objective random variable is
Z=w?X,
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Figure 3: Lower and upperV aRuα(X)withu= (1√5,2√5)andα= 0.3for abivariate Normal.
wherewis the vector of the portfolio weights. Since it is difficult to obtain the
VaRofZmainly when the components of the portfolio are not independent, there
is special interest in obtaining at least a bound forV aRα(Z). Fortunately, we can
give an upper-bound using our directional approach.
Proposition 4.4.Letu=− w|w|be the unitary vector in direction of the portfolio
weights. Ifx∈ QX(α,u), thenw?x≥V aRα(Z).
The proof is given in the Appendix.
Specificaly as a consequence of Proposition4.4, we have that
w?V aR−
w
||w||α (X)≥V aRα(Z). (4.4)
This result is another justification to consider a directional approach of the multi-
variateVaR, as wel as its utility in financial applications.
5 Directional multivariateVaRand copulas
Researchers refer to copulas as "the multivariate distribution functions whose one-
dimensional marginal distributions are uniform in[0,1]". For an extensive discus-
sion of copulas, we refer the reader to [Nelsen (2006)]. This powerful tool alows
the definition of scale-free measures of dependence and families of multivariate
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distributions. Two aspects are important in multivariate distributions, the distribu-
tion of the marginals and the dependence structure among them. The concept of
copula fuly describes the overal structure of dependence between the marginal
variables and provides a global model for their stochastic behavior. The impor-
tant result that links these two aspects is Sklar’s theorem that alows, in terms of a
copula, to write the multivariate distribution function as,
F(x1,· · ·, xn) =C(F1(x1),· · ·, Fn(xn)), (5.1)
whereFis the join distribution function,F1, .., Fnits marginals distribution and
Cthe copula, which according to Sklar’s theorem always exists. The copulas be-
come a powerful tool to find closed expression of multivariate quantiles for special
families of copulas. For example, in finance when the losses are modeled in per-
centage terms, it is of practical importance to find closed expressions for the risk
measures expressed in terms of the copula since the support of the losses wil be
the unitary hyper cube of dimensionn.
Hence, the objective of this section is to analyze how theV aRuα(X)can be ob-tained in terms of some families of copulas. The first result shows the representa-
tion of theV aRuα(X)restricted to bivariate copulas. LetXbe a bivariate randomvector with marginals uniformly distributed in the interval[0,1]. In this case, the
distribution function ofXis a copula with densityc(·,·). It is wel known that
E[X] = (12,12). Note that assumingn= 2, a directionu= (u1, u2)can becharacterized by a angleθsuch thattanθ=u2/u1, and then,u= (cosθ,sinθ).
Folowing with the notation given by the angles, theV aRuα(X)must be a point onthe linelθdefined by,
lθ:=


?
(w1, w2) :w2=w1sin(θ)−
1
2(sin(θ)−cos(θ))cos(θ)
?
, if cos(θ)?= 0,?(w1, w2) :w1∈[0,1], w2=12
?, if cos(θ) = 0.(5.2)
Therefore, given a directionθ,V aRuα(X)is characterized by its first componentand the second one is obtained using (5.2). Now, the first component can be ob-
tained by solving the folowing integral equation,
? ?
Dθ(w1)
c(s, t)dtds=α, (5.3)
whereDθ(w1)is given by the intersection of the unitary square[0,1]×[0,1]and the
oriented quadrant with direction determined byθand vertex(w1, lθ(w1)). Specifi-
caly,Dθ(w1)can be expressed in terms of the unknownw1by using the semi-lines
l1θ(w1),l2θ(w1)that bound the coresponding quadrant which are defined as,
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l1θ(w1) :=?
(z1, z2) :z2cos
?
θ−π4
?
−z1sin
?
θ−π4
?
=w1
?
tan(θ) cos
?
θ−π4
?
−sin
?
θ−π4
??
−12(tan(θ)−1) cos
?
θ−π4
??
l2θ(w1) :=?
(z1, z2) :z2sin
?
θ−π4
?
+z1cos
?
θ−π4
?
=w1
?
tan(θ) sin
?
θ−π4
?
+ cos
?
θ−π4
??
−12(tan(θ)−1) sin
?
θ−π4
??
For instance, ifθ∈(π4,π2), we can write the integral equation as folows:
?w1
min{l2θ(w1)
?{z1=0},0}
?1
l2θ(w1)
c(s, t)dtds+
?min{l1θ(w1)?{z1=1},1}
w1
?1
l1θ(w1)
c(s, t)dtds=α.
(5.4)
Figure4shows a case of the regionDθ(w1)withθ∈(π4,π2)being the solution to(5.4), a point over the linelθ. In summary, we can obtainV aRuα(X)for a givenbivariate vector with copula densityc(·,·).
Now, we wil focus on the Archimedean family of copulas broadly used in the
literature whose definition is the folowing:
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Figure 4: Quadrant given byθ∈(π4,π2)and vertex over the linelθ.
Definition 5.1(Archimedean Copulas).Letφ: [0,1]→ [0,∞)be a continuous,
convex and strictly decreasing function withφ(1) = 0. Letφ−1(·)be a pseudo-
inverse function ofφ(·). Then an Archimedean copulaC(v1,· · ·, vn)is defined
by
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C(v1,· · ·, vn) =φ−1(φ(v1) +· · ·+φ(vn)). (5.5)
In this case, for ann-dimensional random variable with distribution function as
belonging to the Archimedean family of copulas with generatorφ(·),V aR−eα (X)is given by the vector with al components equal to
[V aR−e1−α(X)]i=φ−1
?φ(1−α)
n
?
. (5.6)
Moreover, ifXhas a survival copulaC˘belonging to the Archimedean family with
generator˘φ(·), the equivalent Sklar’s representation gives the relation¯FX(x1,· · ·, xn) =
C˘(¯F1(x1),· · ·,¯Fn(xn)), where¯Fis the join survival function and¯F1, ..,¯Fnits
marginal survival functions. Hence, we obtain that:
[V aReα(X)]i= 1−φ˘−1
?
φ˘(α)
n
?
. (5.7)
Remember that if a vectorXhas a copulaC, then the survival copula of1−X
wil also beC. Therefore, ifX d=1−X, then the copula ofXand its survival
copula are the same; for example, Frank’s copula in the Archimedean family holds
this property as wel as the eliptical family of copulas. Then, in this case the closed
expression forV aReα(X)is the reflection point ofV aR−e1−α(X)with respect to thepoint(12,· · ·,12).Now we wil present some examples using some Archimedean copulas. Firstly, we
are going to use Frank’s subclass to present an example ofV aRuα(X)for any direc-tionuin the bivariate case. Later we wil present some comparisons between the
lower orthant VaR≡V aRα(X)and theupper orthant VaR≡V aRα(X)devel-oped by [Cousin and Di Bernardino (2013)] with theV aRuα(X)but consideringan-dimensional copula belonging to Clayton’s subclass. Let’s define these two
subclasses.
(i)Frank Copula: The generated function of this copula is
φβ(r) =−ln
?e−βr−1
e−β−1
?
and φ−1β (s) =−1βln(1−(1−e
−β)e−s),
(5.8)
Cβ(v1, v2) =−1βln
?
1 +(e
−βv1−1)(e−βv2−1)
e−β−1
?
, (5.9)
cβ(v1, v2) =− β(1−e
−β)e−β(v1+v2)
((e−βv1−1)(e−βv2−1)−(e−β−1))2, (5.10)
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whereβ∈R\{0}.
(i)ClaytonCopula:Thisfamilyisgeneratedby
φβ(r)=1β(r
−β−1) and φ−1β (s)=(1+βs)−1/β, (5.11)
Cβ(v1,v2)=max
?
(v−β1 +v−β2 −1)1/β,0
?
, (5.12)
whereβ∈[−1,0)∪(0.+∞].
InFigure5wehavedrawnthefirstcomponentofthedirectionalVaRuα(X)forabivariaterandomvector,withdensitygivenbytheFrankcopuladensity.Theleft
plotisrelatedtou=−eandtherightplotisrelatedtou=−1√5(1,2).Bothplotspresentthechangesas0≤α≤1fordiferentvaluesofthedependenceparameter
β.
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Figure5:BehaviorforthefirstcomponentinVaRuα(X)varyingα.
WecanseeinFigure5thedependenceofVaRuα(X)withrespecttoβ.Notethatasβ→=±∞ andthedirectionis±e,wewilgettheextremecasesknownas
comonotonicandcounter-monotonic,respectively.Intheleftplot,itcanbeseen
thatthecomonotoniccasematcheswiththevectorcomposedoftheunivariate
VaRonthemarginals,whichinthiscaseisgivenbythevector[VaR−eα (X)]i.Inaddition,itiswelknownthatrotationsoverrandomvectorsdonotpreservethe
dependencestructureintherotateddistribution;furthermore,thisfactiscaptured
intherightplotwherethechangeofdirectionshowstherotationsofthemeasure
ineachdependenceparameterconsidered.
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LetXbearandomvectorwithdistributionfunctionbelongingtotheClayton
copulasubclass.Hence1−XisarandomvectorwithClaytonsurvivalcop-
ula.WehavepresentedthecomparisonofthefirstcomponentofVaR−eα (X)withVaRα(X)=E[X|F(x)=α]andVaReα(1−X)withVaRα(1−X)=E?X|¯F(x)=1−α?,thecorespondentlowerorthantVaRandupperorthantVaR
developedby[CousinandDiBernardino(2013)].
Table1containstheexplicitexpressionsofVaRα(X)andVaRα(1−X)indi-mension2,andthegeneralizedexpressionsforourproposalintermsofα,βin
anydimension.Figure6showsthegraphicalcomparisonforn= 2;theleft
plotpresentstheresultsforVaR−eα (X)insolidlineandVaRα(X)indashedline,whiletherightplotpresentstheresultsforVaReα(1−X)insolidlineandVaRα(1−X)indashedline.
DirectionalVaRuα(·) [CousinandDiBernardino(2013)]’sVaR
X
?1+α−β
n
?−1β β
β−1
αβ−α
αβ−1
1−X 1−
?1+(1−α)−β
n
?−1β 1− ββ−1(1−α)
β−(1−α)
(1−α)β−1
Table1:Clayton’sCopulaCase
TheresultsinFigure6alsoshowsusthatinthecaseofrandomvectorswithClay-
toncopulaclass,VaR−eα (X)increaseswithrespecttotheparameterαandde-creasesintheparameterβ.Ontheotherside,VaReα(1−X)isanincreasingfunctionoftheparameterα,butalsoanincreasingfunctionofthedependence
parameterβ.Thesefeaturesforthisclassofcopulaswerecommentedonand
provedby[CousinandDiBernardino(2013)]andforourriskmeasurecanbeeas-
ilyprovedfolowingthesamescheme.Inaddition,weneedtohighlightthatfor
eachfixedpair(α,β),thefolowingrelationshipshold,
VaRα(X)≤VaR−eα (X) and VaReα(1−X)≤VaRα(1−X), (5.13)
wheretheinequalitiesarecomponentwise.Hence,wecansaythatourmeasure-
mentismoreconservativeintheuppercaseandwearemoreoptimisticinthe
lowercase.Thiscanbetakenintoconsiderationbythemanageraccordingto
her/hispreferences.
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Figure6:ComparisonforClayton’sfamilyofcopulas.
6 Robustness
Theprevioussectionpresentstheanalyticresultsforrandomvectorswith[0,1]-
uniformmarginalsdistributions.However,inpracticalsituations,itisnecessary
toobtainVaRuα(X)foranyrandomvectorX.Inthiscase,weusethefolowingcomputationalapproachsummarizedinthefolowingpseudo-algorithm:
Input:u,α,handthemultivariatesampleXm.
fori=1tom
Pi=PXm
?Cuxi
?,
If|Pi−α|≤h
xi∈QˆhXm(α,u),end
forxj∈QˆhXm(α,u)dj=dist(xj,{µXm +λu}),
end
end
VaRuα(Xm)={xk|dk=min{dj}},
whereXm :={x1,···,xm}isthesampleoftherandomvectorX,µXm the
samplemean,QˆhXm(α,u):=
?
xj:|PXm
?
Cuxj
?
−α|≤h
?
thesamplequantile
curvewithaslackhandPXm[·]istheempiricalprobabilitydistributionofXm.Usingthisprocedure,weareabletodealwithhighdimensionrandomvectors.We
areawarethatthisprocedurescanbeimprovedusingmoresophisticatedtoolsof
thenon-parametricstatistics,buttheyarematerialforanotherproject.
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Ontheotherhand,itiswelknownthatinrisktheory,itisdesirablethatamea-
sureberobust,(see[Artzneretal.(1999),BurgertandRuschendorf(2006),Cardin
andPagani(2010),Rachevetal.(2008)]).Butingeneral,mostofthemeasures
aresensitivetoatypicalobservations.Inthissection,wepresentasimulation
studyinordertodescribethesensitivityofourproposal,usingthe[Cousinand
DiBernardino(2013)]’smeasureasabenchmark.
Thecontaminationmodelthatwewiluseinthesimulationsisthefolowing:
Xω d=
?
X1 withprobabilityp=1−ω,
X2 withprobabilityp=ω, (6.1)
whereX1 d=N1(µ1,Σ1),X2 d=N2(µ1+∆µ,Σ1+∆Σ)and0≤ω≤1.The
parametersofX1are,
µ1=[50,50]?, Σ1=
?0.5 0.3
0.3 0.5
?
.
X1remainsfixedintheanalysis,buttheparametersofthenormaldistributionof
X2arechangedtodiferentstepstogenerateoutliers.Asameasuretoquantifythe
efectoftheoutliers,wedefine,
PVω=|Measure(X
ω)−Measure(X0)|2
|Measure(X0)| ,
whereMeasure(X0)istheriskmeasureevaluatedinX0,withω=0andMeasure(Xω)
isariskmeasureevaluatedwiththesamplewithalevelofcontaminationω%.
Scenarios ParametersofX2distribution
VarianceAnalysis µ1,Σ1+
?4.5 0
0 6.5
?
CovarianceMatrixAnalysis µ1,Σ1+
?4.5 0.2
0.3 6.5
?
MeanAnalysis µ1+∆µ,Σ1
JoinAnalysis µ1+∆µ,Σ1+
?4.5 0.2
0.3 6.5
?
Table2:SimulationStagesandParameters
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We have considered the scenarios forX2, described in Table2. The procedure is
the folowing: firstly, we have generated a non-contaminated sampleXω,ω= 0
with 5000 observations and we calculate bothV aRe0.1(X)andV aR0.1(X).Secondly, we have used the contamination model (6.1) taking values forωfrom
1%to10%. Then, we generated for eachω,5000samples ofX1with an ex-
pected value of outliersω%. We have evaluated the risk measure as wel as the
percentage of variation for each level of contamination, performing this procedure
100times and we have reported the average ofP Vωin the folowing plots. The
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Figure 7: Percentage of variation of the measures varying the variances
first scenario suggests outliers given by changes on the variance of the marginals,
which are difficult to detect in practice. We can see in Figure7that the behavior
ofV aRe0.1(X)is beter than that coresponding toupper-VaRin [Cousin and DiBernardino (2013)] for any level of contamination. "Beter", in this context, means
thatP Vωis smaler. The second scenario considers changes in al the components
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Figure 8: Percentage of variation of the measures varying the covariance matrix
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of the covariance matrix. The results are reported in Figure8that shows again the
beter behaviour ofV aRe0.1(X)with respect to robustness. The last scenarios con-sist of changes in the mean. Firstly, we afected the first component of the mean
and then we afected the second one and finaly both of them simultaneously.
Figure9summarizes the results. As we can see,V aRe0.1(X)shows robustnessunder the presence of outliers of high dimension, but an extra-sensitivity under
outliers in a unique component. The use of the mean of the random loss as the cen-
tral point in the definition of ourV aRcould be the cause of this lack of robustness.
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Figure 9: Percentage of variation of the measures varying al the parameters
7 Conclusions
In this paper we have defined a multivariate extension of the classical risk measure
VaRbased on a directional multivariate quantile recently introduced in the liter-
ature. Specificaly, we have proposed thedirectional multivariate Value at Risk
(V aRuα(X)) as a tool to analyze a portfolio ofnheterogeneous and dependentrisks considering external information or manager preferences.
We have analyzed the analytic properties of V aRuα(X)in the same way as the[Artzner et al. (1999)]’s axiomatic. We have provided some invariance proper-
ties as wel as consistency and tail subadditivity property, which are desirable in
a risk measure. We have shown relations between the components of the output
ofV aRuα(X)with respect to the coresponding univariateVaRover the marginals.A link between the univariateVaRover the linear transformation using the portfo-
lio weights vectorw, and the value of this transformation overV aR−
w
||w||α (X)is
given. We have also presented closed expressions forV aRuα(X)in terms of somefamilies of copulas, considering particular dimensions or particular directions.
Finaly we have presented a simulation study of robustness comparing the behav-
ior ofV aRuα(X)with respect to the risk measure proposed in [Cousin and DiBernardino (2013)]. The simulations show advantages of our proposal in relation
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tothepresenceofoutliers.Wehavealsodetectedinthisstudyanopenquestionto
betakenintoconsiderationinfuturework.Theideaistoconsideranothercentral
pointinsteadofthemeanasthecenterofthereferencesystem,inordertoimprove
therobustnessoftheriskmeasure,but,atthesametime,keepingthegoodprop-
ertiesthathavebeenproved.Oneoptionistouseamultivariatedepthmeasureto
choosethecentralpoint.
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Appendix
ProofofLemma2.2.Since,
Ruu=eandR−u(−u)=e, (7.1)
wehavethatRu=−R−u.Thenusing(7.1),wehavethat,
Cux={z∈Rn:Ru(z−x)≥0}
={z∈Rn:R−u(−z−(−x))≥0}
=−C−u−x.
?
ProofofProperty3.3.DuetoLemma2.2,itiseasytoprovethat
Q−X(α,u)=−QX(α,−u), (7.2)
andhence,
Q−X(α,u)
?{λu+E[−X]}≡(−QX(α,−u))
?(−{λ(−u)+E[X]})
≡−
?
QX(α,−u)
?{λ(−u)+E[X]}
?
.
Then,
VaRuα(−X)=−VaR−uα (X).
?
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ProofofProperty3.4.ThispropertyisderivedusingLemma2.3. ?
ProofofProperty3.5.SinceX≤EuY⇔RuX≤uoRuY,weget:
LX(α,u):={z∈Rn:PX(Cuz)≤α}⊇{z∈Rn:PY(Cuz)≤α}:=LY(α,u)
Besides,VaRuα(X)=∂LX(α,u)?{λu+E[X]}andVaRuα(Y)=∂LY(α,u)?{λu+E[Y]}.Therefore,usingthepartialorderdefinedin(2.2)therearethreepossibili-
tiesfors,t∈Rn:
(i)s?ut,
(i)s?utandt?us,
(ii)s?ut.
WecanprovethatthetwofirstoptionsarenotpossibleforthepointsVaRuα(X)andVaRuα(Y).Supposethat
VaRuα(X)?uVaRuα(Y),
whichimpliesthat,
CuzX ⊂CuzY.
Hence,
PY(CuzY)≥PX(CuzY)>PX(CuzX)=α.
Inwhichcaseweariveatacontradiction,ifweassumetheregularityconditions.
Moreover,thehypothesisE[Y]=cu+E[X],foralc>0andtheconclusion
E[X]?uE[Y]derivedin[Laniadoetal.(2012)](Property3.4.),permitsusto
rejectthesecondpossibilityoforderingbetweenthetwopoints.Thus,theonly
optionpossibleis,
VaRuα(X)?uVaRuα(Y)
?
ProofofProperty3.6.First,notethat:
{λ(Qu)+E[QX]}=Q{λu+E[X]}.
Besides,wehavethefolowingrelationship:
CQuQx={z∈Rn:RQu(z−Qx)≥0} and RQu(Qu)=(RQuQ)u=e.
ThenRu=RQuQ,whichimpliesthatCQuQx=QCux,andPQX(CQuQx)=PX(Cux).Then,weget
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QQX(α,Qu)=QQX(α,u), (7.3)
whichprovestheresult. ?
ProofofProperty3.7.Property3.6impliesthat,
RuVaRuα(X)=VaReα(RuX),
wheree=
√n
n[1,..,1]?.Then,
RuVaRuα(X)≤supω∈Ω{RuX(ω)},
andtheproofiscomplete. ?
ProofofProperty3.9.Itiseasytoseethattheequalityinthemeanimpliesthat
thevectorsE[RuX],E[RuY]andE[Ru(X+Y)]lieonthesamelinewithdirection
vectore.Then,wecanwrite:
CeVaReα(RuX)=n[VaReα(RuX)]1Cew
=n[VaReα(RuX)]1[w,∞)n,
(7.4)
wherewisthevectorwhosecomponentsare1nand[·]1denotesthefirstcomponentofthevector.
Forα>0smal,1α→∞,andthen,
1
αP
?
(RuX,RuY)∈φ
?1
α
?
B
?
→µ(B).
Ontheotherhand,wehavethefactthattheBorelset?φ?1α
??−1CuVaReα(RuX)×(0,∞)nsatisfiesthefolowingrelation:
1
αP
?
(RuX,RuY)∈
?
φ
?1
α
???
φ
?1
α
??−1
(CeVaReα(RuX)×(0,∞)n)
?
→1.
Orequivalently,
µ
??
φ
?1
α
??−1
(CuVaReα(RuX)×(0,∞)n)
?
∼1.
Henceusing(7.4),wehave:
[VaReα(RuX)]1∼
?
µ
??1
n,∞
?n
×(0,∞)n
??1βφ
?1
α
?
n. (7.5)
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Inthesameway,
[VaReα(RuY)]1∼
?
µ
?
(0,∞)n×
?1
n,∞
?n??1βφ
?1
α
?
n. (7.6)
Now,inthecaseoftherandomvariableRu(X+Y),wehave;
CeVaReα(Ru(X+Y))={(x,y)∈(0,∞)2n:(x+y)>VaReα(Ru(X+Y))}
=n[VaReα(Ru(X+Y))]1·{(x,y)∈(0,∞)2n:(x+y)>w}
=n[VaReα(Ru(X+Y))]1·Cew (7.7)
wheretheinequalitiesintheexpressionarecomponentwise.Asaconsequencewe
get,
µ
??
φ
?1
α
??−1?(x,y)∈(0,∞)2n:(x+y)>VaReα(Ru(X+Y))
??∼1.
Thenusingthelastequalityin(7.7),wefinalyget,
[VaReα(Ru(X+Y))]1∼
?µ?{(x,y)∈(0,∞)2n:(x+y)>w}??1βφ
?1
α
?
n.
(7.8)
SinceinRnalthenormsareequivalent,i.e.,fortwonorms|·|and|·|∗,
therearepositiveconstantsc1,c2suchthatc1|·|≤|·|∗≤c2|·|.Then,
whatevernormistaken,weusethetransformation[Resnick(1987)],pg.267.+],
x→(|x|,|x|−1x)andrewriteµ(·)intermsofanewmeasureη(·)inD:={z∈
[0,∞]2n\{0}:|z|=1}asr−βη(·),duetothepropertyofthemeasurein(3.13).
TherelationshipsatisfyingbothmeasuresforaBorelsetAinD,itisgivenby,
µ(A)=
?
D
?∞
0
1(r(u,v)∈A)βr−(1+β)drη(du,dv). (7.9)
ThenthemeasureoftheBorelsetsin(7.5),(7.6)and(7.8)canbeexpressedusing
|·|1as:
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µ
??1
n,∞
?n
×(0,∞)n
?
=
?
D
??
i
ui
?β
η(du,dv), (7.10)
µ
?
(0,∞)n×
?1
n,∞
?n?
=
?
D
??
i
vi
?β
η(du,dv), (7.11)
µ({(x,y)∈(0,∞)2n:(x+y)>w})=
?
D
??
i
(ui+vi)
?β
η(du,dv),
(7.12)
NowusingtheMikowskiinequalityweobtain:


?
D
??
i
(ui+vi)
?β
η(du,dv)


1
β
≤


?
D
??
i
ui
?β
η(du,dv)


1
β
+


?
D
??
i
vi
?β
η(du,dv)


1
β
.
(7.13)
Hencecombining(7.5),(7.6),(7.8)and(7.13),wehavetheresult
[VaReα(Ru(X+Y))]1≤[VaReα(RuX)]1+[VaReα(RuY)]1,
orequivalently,fromProposition3.6andthepartialorderdefinedin(2.2),wehave
foru= m|m|that:
VaRuα(X+Y)?uVaRuα(X)+VaRuα(Y). (7.14)
?
ProofofProposition4.4.ByDefinition2.6,ifx∈QX(α,u),wehaveP[Ru(X−
x)≥0]=α.Therefore,
P[1?Ru(X−x)≥0]≥α where1=[1,···,1]?. (7.15)
SinceRuu=e,weobtain,
P[1?Ru(X−x)≥0]=P[√n(Ruu)?Ru(X−x)≥0]
=P[√n
?
− w|w|
??
(X−x)≥0]
=P[w?X≤w?x]=P[Z≤w?x]
Thus,(7.15)and(3.2)impliesw?x≥VaRα(Z).
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?
ProofofProposition4.2.Theprooffolowsthesameoutlineasthatof[Cousin
andDiBernardino(2013)],Proposition2.4.].Notethatindirectionu=e,
Cex={z∈Rn:z≥x}.
Thenwecanwrite,
Lα={x∈Rn:P(Cex)≤α}
={x∈Rn:P(X≥x)≤α}
Andwecanassumetheconvexityofthe[Lα]cbythequasi-concavityofthesur-vivalfunctionF¯,where[·]cdenotesthecomplementaryset.Now,asQX(α,e)=∂Lα≡∂[Lα]c,VaReα(X)belongstotheset∂[Lα]c.Moreover,fromthedefinitionofsurvivalfunctionwehavethat,
F¯(∞,···,xi,···,∞)≥F¯(x)=F¯(x1,···,xi,···,xn) foral x∈Rnandi=1,···,n.
Theneachcomponentofavectorbelongingto∂[Lα(e)]cissuperiorlyboundedby
theunivariateVaRatlevelp=1−αofthecorespondingmarginal.Asaconse-
quence,eachcomponentofVaReα(X)issuperiorlyboundedbytheunivariateVaRatlevelp=1−αofthecorespondingmarginalandhence,thefirstinequality
holds.Nowforthesecondinequality,
C−ex ={z∈Rn:z≤x}.
Then,wehave,
L1−α={x∈Rn:P(C−ex )≤1−α}
={x∈Rn:P(X≤x)≤1−α}
But,ifFisaquasi-concavefunction,wehavethat[L1−α]cisaconvexsetand
QX(1−α,−e)=∂L1−α≡∂[L1−α]c.ThereforeVaRe1−α(X)belongstotheset[L1−α]c.Additionaly,fromthedefinitionofdistributionfunction,itiseasyto
showthateachcomponentofanelementin[L1−α]cisinferiorlyboundedbythe
univariateVaRatlevelp=1−αofthecorespondingmarginal;hence,weobtain
theresult. ?
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